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SUMMARY

Focal cortical dysplasia (FCD) is a leading cause of pharmacoresistant epilepsy in pediatric populations, yet
its role in epileptogenesis remains incompletely understood. Recent findings suggest that hyperexcitability
may originate in non-dysplastic peripheral areas rather than the malformation itself. However, given the sig-
nificant variability across FCD cases, clarifying whether cytoarchitectural disorganization drives activity
changes remains challenging. Using the carmustine-induced animal model, we investigated how varying de-
grees of cortical malformation influence neural dynamics. Local field potentials were recorded via multielec-
trode arrays during spontaneous activity and external perturbation. We introduced a novel metric to quantify
spatial heterogeneity in signal organization and assessed its association with excitation-inhibition balance.
Results show that alterations in signal structure correlate with the extent and distribution of cortical abnor-
malities, highlighting the functional relevance of cytoarchitectural variability. This work advances under-
standing of FCD-related network dysfunction and offers analytical tools with potential translational value

for pre-surgical evaluation.

INTRODUCTION

Focal cortical dysplasia (FCD) is the leading cause of surgical
intervention for pharmacoresistant epilepsy in pediatric pa-
tients.”? The occurrence of FCD in cases of focal epilepsy is
roughly 5-25%. Yet, despite this prevalence, the relationship
between FCD and epilepsy remains incompletely understood,’
as not every cortical malformation progresses to epilepsy.® It
has been suggested that hyperexcitation in pediatric FCD type
lla may stem from the presence of balloon cells,” which are pri-
marily identified by their unique morphology. However, balloon
cells do not trigger epileptic activity despite their highly abnormal
appearance; rather, dysmorphic neurons and immature neu-
rons —cytological hallmarks of FCD lla—are the primary contrib-
utors to epileptic discharges.” The combination of animal
models and advanced analytical techniques has brought us
closer to understanding the mechanisms of cortical dysplasias.
Groundbreaking discoveries by Koh and collaborators,® have
challenged traditional views of cortical dysplasia, demonstrating
that functional impairments may originate not within the primary
malformation itself, but rather in surrounding non-malformed
neurons. Their findings reveal that hyperexcitability often
emerges from these ostensibly intact regions, while neurons
within the malformed zones can remain hypoexcitable. The bal-
ance between excitation and inhibition is a fundamental concept
to understand neural circuit deformation and brain dynamics
alteration. These principles have been increasingly explored to
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understand the emergence of epilepsy and other neurological
conditions across various spatial and temporal scales,’"®
including during the pre-ictal activity, which has been widely re-
garded as a critical window into the mechanisms leading to
seizure onset.”'° Yet, despite growing interest in early electrical
changes, the extent to which the degree of cortical delamination
caused by cortical dysplasia contributes to functional alterations
remains underexplored. In this work, we propose that sponta-
neous activity and, particularly, the local balance between exci-
tation and inhibition, may play a key role in mediating how vary-
ing severities of malformation disrupt neural dynamics. To
address the latter, we employed the carmustine model to simu-
late the cytoarchitecture of cortical dysplasia type lla-like, as
previously reported,’'~" this model is notable for its broad range
of malformation severity, making it an effective representation of
the morphological challenges associated with this condition.
Importantly, since this model does not exhibit functional
changes such as seizure activity,'® we opted to measure spon-
taneous electrical activity using (MEA), and the Mg?* Free
model 22 to mimic the electrical currents evoked during epilep-
tiform activity. Here, we decomposed the local field potential
(LFP) spectrum to assess potential differences in signal structure
based on cortical localization, and categorized those differences
using frequency covariation. To quantify this categorization, we
developed a metric that captures the heterogeneity of electrode
groupings within each MEA recording. We then evaluated the
aperiodic exponent in relation to an excitatory-inhibitory (E/I)

iScience 29, 115942, June 19, 2026 © 2026 The Authors. Published by Elsevier Inc. 1
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).


http://creativecommons.org/licenses/by-nc-nd/4.0/
mailto:lconcha@unam.mx
mailto:romanr@ifc.unam.mx
https://doi.org/10.1016/j.isci.2026.115942
http://crossmark.crossref.org/dialog/?doi=10.1016/j.isci.2026.115942&domain=pdf

¢? CellPress

OPEN ACCESS

Anatomy

MEA
anatomical position in M1

iScience

Figure 1. Hypothesis

Taking a similar approach to that of Dura-Bernal
et al. (2023), who classified neuronal types
based on neuronal firing patterns, we propose
categorizing electrodes by their activity using
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balance metric,®?%2* aiming to uncover a potential link with the

degree of functional spatial sparsity in the categorization. We
describe the flow of information between different classes of
electrodes during spontaneous activity, which varies depending
on the level of dyslamination. We also identified a common fluc-
tuation band that spans various activity states—spontaneous,
magnesium-free, and recovery. Finally, we monitored its infor-
mation flow during temporal evolution in relation to functional
electrode categorization. Through this work, we aim to deepen
the understanding of dysfunction in cortical dysplasia while ac-
counting for the variability inherent in these malformations, while
also offering analytical approaches that may inspire and support
the study of complex biological time series in other systems
characterized by structural and functional variability.

RESULTS

Neural recordings from medial motor cortices during
spontaneous activity, perturbation (Mg2*-Free) and
recovery

To describe the electrical activity differences between healthy
tissue and with cortical disarrangement (i.e., Eulaminated and
Dyslaminated, respectively), we evaluated M1 cortex in an
animal model of cortical maldevelopment,'® which reproduces
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morphological features from FCD
lla,"""*1* such as loss of cortical lamina-
tion and some other cell malformations
(Figure 1). Also, we incorporated a model
that induces epileptogenic conditions.
The Mg?*-Free model, previously re-
ported and described,'®*>?° was em-
ployed to assess how the absence of
Mg?* ions affects current dynamics and
how these changes relate to cortical
disorganization. We compare signal
differences in approximately the medial
motor cortex (see Methods 10), where
the MEA recorded activity spanning
layer 1I-1ll to V (Figure 2). We first qualita-
tively examined the logarithmic power
spectra (Figure 3A). Visual inspection
of raw traces of untreated conditions
(Figure 3B) across different states re-
vealed noticeable differences in sponta-
neous and evoked activities. It is evident

SB o from the spectrograms, even without
formal analysis, that the primary distinc-

tions between the conditions become

apparent during spontaneous activity.

Remarkably, these differences are much more pronounced
during this resting period than during the other conditions.
Nevertheless, it is also noteworthy that the appearance of both
signals evolved differently during the perturbation challenge
and continued during the recovery phase. The quantitative anal-
ysis of these observations is described in the following sections.
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Categorization of electrodes and effects on the
aperiodic exponent

Following the idea that a normal anatomical cortical array
can lead to a functional structure, as shown by Dura-
Bernal,’” based on real and simulated spike train data, we first
focused on the description of spontaneous activity (Figures 2,
3, and 4). We emphasized the categorization of electrodes
within the MEA, using the distinct signal shapes associated
with electrode depth (Figures 2 and 4A). We covary the fre-
quency domain (60 points, from 0.5 to 100 Hz) over time for
each electrode, and noted that the cumulative variance
captured by the first modes (components) was greater in
the Eulaminated condition than in the Dyslaminated one
(Figure 4B). To further explore this result, we projected the
first two modes on a comodulogram constructed from the
spectrogram, ordered by electrode position in the MEA
(Figure 4C), where we observed differences in frequency
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Figure 2. NeuN cortical characteristics analyzed among animals from the same litter

In the left panel, we present the anatomical reference for the MEA recording plane, along with a schematic of the histological evaluation. The right panel displays
four different cases pertaining to cortical columns measuring (Width: 550 xm, Height: 2200 um). The yellow and blue squares indicate specific zones where
morphology is most evident, with a scale bar of 100 um. Each column marks the upper limit (pia) and the lower limit (cingulum). Control pups are represented by
case 0, which shows no malformations, while Cases 1-3 illustrate the variability of malformations induced by the BCNU model. The lower square provides a closer
look at the differing neuron morphologies, highlighting that case 0 contains neurons with normal shape and orientation. In contrast, Cases 1-3 exhibit rounded
neurons with cytoplasmic alterations and disorganized orientations, while Case 2 specifically shows malformed ectopic neurons. This zoomed-in section cor-

responds to a scale of 80 um. Complementary results are shown in Figure S1.

range and weighted magnitude across Modes 1 and 2. Mode
1 shows that the initial electrodes exhibit stable frequency and
weighting values, while later electrodes display an upward
trend in these values. Additionally, the Dyslaminated projec-
tion identifies several electrodes that display distinct behavior
compared to the others. In module 2, variations in the elec-
trode spectrum are also observed. This observation motivated
us to look for groups in the space projection of the first two
components. We obtained a variation of groups and disper-
sion along the MEA architecture, which led us to develop a
metric to describe the degree of sparsity of the clusters. We
refer to this metric as ¢, (see Methods 10), with values ranging
from 0 to 1, where lower ¢ values indicate higher sparseness
and less structured clustering, and higher values indicate
the opposite (Figure 4D). Statistical analysis revealed signifi-
cant differences in ¢ between the Eulaminated and Dyslami-
nated arrays, providing a measure to quantify the degree of
disorder. Furthermore, based on previous results, these find-
ings also highlight the range and variety of disorders, along
with the histological validation of the same model.'*'” Conse-
quently, we suggest a hypothetical link between the e metric
and cytoarchitecture, as illustrated in Figure 4D, bottom. As

depicted in our initial observations (Figure 3A), we next exam-
ined the aperiodic component found in each electrode of the
MEAs to assess the observed variations. In Figure 3E, it is
evident that the most extreme cases along the disorder
gradient exhibit distinct power-law scale decay, based on
the mean and variance of all measured electrodes. Interest-
ingly, when evaluating the distribution of total aperiodic expo-
nent values (Figure 4F), a bimodal function emerges, with a
clear decline around the 0.6 value (sensitivity: 0.71, specificity:
0.53, and 95% CI for Accuracy: [0.612, 0.691]). Based on this
observation, we classified the aperiodic exponents using 0.6
as a threshold and re-evaluated the data using the same
four representative examples shown in Figure 4D to investi-
gate whether the previously identified clusters were pre-
served. This analysis revealed that Dyslaminated arrays pre-
dominantly exhibit aperiodic exponent values higher than
0.6, whereas Eulaminated arrays show a balanced distribution
of values both below and above this threshold. To assess how
well these values are related to the actual level of disorder
described by €, we performed a traditional linear regression
between the bimodal coefficient of each individual array distri-
bution and its € value (Figure 5A). However, we found no
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Figure 3. Overview. Multielectrode array re-
cordings from normal (eulaminated) and
dyslaminated cortexes
(A) Spectral decomposition of spontaneous ac-
tivity under three conditions in each of the 60
electrodes, for one control (gray) and one animal
with dyslaminated cortex (pink).
(B) Exemplary time courses of spontaneous
cortical activity under the three conditions. Each
. sample was about 15, 45, and 30 min per activity
type (green - Basal activity, pale rose - Mg?*-Free,
pale violet - Recovery). Examples were selected
from the extreme cases of each condition. See
10* also Figure 4.

Recovery
(Basal activity)

30 mi
m Mg?* further alters voltage dynamics,

leading to hypersynchronized circuit activ-
ity, asreflected in the similarity of aperiodic

significant correlation between them. Here, it is analyzed as
an additional axis and not as an effect of the € value. Never-
theless, as shown in both Figures 5A and 5B, a tendency to-
ward a bimodal distribution is apparent, where there exist
both a high and a low aperiodic values. Following the litera-
ture,”>?* we propose a second hypothetical approach to
interpret this tendency: Higher aperiodic exponent values
could reflect an inhibitory predominance / > E, whereas the
lower values could correspond to an excitatory predominance
E > |. Despite the presence of electrodes that do not fit the
previously mentioned categorization in Figure 4, it is evident
that in dyslaminated cortices, there is an imbalance between
the two distributions. In contrast, in eulaminated cortices,
the highest and lowest values are evenly distributed in terms
of the number of electrodes, which may play a significant
role in the dynamics during an activity disturbance. We also
conduct a comparison between groups similar to what is
shown in Figure 4F, focusing on aperiodic exponential values
during the subsequent activities, Mg®*-Free and Recovery
(Figure 5C). The most pronounced perturbations in signal dis-
tributions for both eulaminated and dyslaminated groups
occur during two critical periods: The initial 15 min of
0 Mg®* exposure and the recovery phase. Following an
extended magnesium-free period, the distributions of both
groups converge, particularly around the 30-45 min mark of
perturbation.

The first 15 min represent a transient hyperexcitable state,
where the network is maximally sensitive to the loss of Mg®*
blockade of NMDARs. This aligns with epileptiform activity
models, where acute hyperexcitability, driven by unregulated
Ca?* influx and synchronous neuronal firing, precedes compensa-
tory homeostatic adaptations. Prolonged absence of extracellular

4 iScience 29, 115942, June 19, 2026

exponent distributions between groups

during this phase. However, the late

recovery phase reveals a striking diver-

gence between groups. The eulaminated

50 (control) group demonstrates a robust

return to baseline aperiodic activity,

with increased density in the 1.0-1.2

range, indicative of effective homeostatic

compensation. In contrast, the dyslaminated group fails to restore

this peak, suggesting impaired recovery dynamics. This diver-

gence likely stems from disrupted laminar connectivity in dyslami-

nated networks, which may hinder the coordination of inhibitory
and excitatory adjustments required for stabilization.

These findings contribute to the critical role of structural integ-
rity in network resilience. The 1.0-1.2 aperiodic range appears to
represent a stable operational state for neuronal populations,
potentially linked to optimal information processing or metabolic
efficiency. The inability of dyslaminated networks to return to this
range suggests persistent dysfunction, possibly due to altered
inhibitory-excitatory balance or fragmented local circuitry.

Functional changes in typical bands during perturbation
and recovery

To assess functional differences associated with perturbation
induced by a magnesium-free medium and the subsequent re-
covery period, we analyzed a shared range of frequency fluctu-
ations. This choice was motivated by established evidence that
human seizure discharges often exhibit coupling between low
and high frequencies.®® Our goal was to identify the frequency
range showing the greatest variation in our recordings, drawing
inspiration from Zhang, W. et al.,”° who reported a consistent
fluctuation band by analyzing temporal covariation in the power
spectrum. We adapted their approach, considering that no spe-
cific frequency band has been universally defined for evoked
epileptic activity. Our analysis revealed that the highest covaria-
tion occurred in the lower frequency range (0.5-30 Hz), and this
effect was more pronounced in Dyslaminated cortices. We
demonstrated this through the projection of the first two compo-
nents of spectral covariation onto a weighted spectrogram and
by projecting both modes onto a weighted power spectrum
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Figure 4. Classification of electrodes based
on baseline activity to differentiate between
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disorganization (hypothesis), at bottom. The ex-
tremes correspond to the same € values as in
previous panels. See complementary results in
Figures S2 and S3.

(E) Logarithmic power spectrum for each elec-

sample trode (extreme cases) along with aperiodic expo-
E  Log Power spectrum of basal activity nent values fitted across all records analyzed.
= Eulaminated ) . . .
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(Figures 6A and 6B). Notably, covariance during baseline was
consistently greater in Eulaminated cortices than in Dyslami-
nated ones (Figure 6C, upper panel). In contrast, during the
Mg?*-Free perturbation, cumulative variance between the two
groups converged (Figure 6C, lower panel). This pattern is further
illustrated in the representative logarithmic power spectra
(Figure 6B, right), where baseline bandwidths maintain divergent
decay slopes, while the Mg?*-Free condition shows spectral
convergence. This confirms our initial qualitative observations
from Figure 3B, now filtered for the frequencies showing the
highest covariance. To validate that the outcome of this band-
width investigation preserves the ripple activity traits of the
Mg?*-Free model, we mapped the bandwidth threshold onto
three electrodes chosen at random from different deepest
MEA positions (upper, middle, and lower). As illustrated in
Figure 6D, the observed activity changes persist under this
constraint. To track the evolution of activity in relation to the pre-

ings (Figure 7A), we clarify that Dyslami-
nated samples conveyed lower informa-
tion values compared to Eulaminated ones. Additionally, where
the MEA shows lower ¢ values, the transfer of information be-
comes less structured and primarily occurs from the largest elec-
trode category (purple dots) to the sparsity one (yellow dots).

It appears that the sparsity category transmits less information
compared to the other, which may correspond to the hyper and
hypoexcitable regions previously suggested by Koh, H.° but this
time interpreted in terms of information content. However, as the
e values increased, a hierarchical pattern began to emerge in the
flow of information,®® progressing from deeper electrode cate-
gories to more superficial ones. This observation seems to align
with the known hierarchical organization of the motor cortical cir-
cuit,®" particularly in the zone where we attempted to record
Figure 2. We also investigated whether the € values could reflect
changes in information sharing along the cortical motor circuit.
To this end, we assessed information dominance based on the
depth position of the electrodes. Electrodes were grouped into

iScience 29, 115942, June 19, 2026 5
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Figure 5. Relationship between the aperiodic exponent and the gradient of disorder in baseline activity, and its changes during perturbation

and recovery

(A) Linear regression between the bimodal coefficient and the corresponding € values (? = 0.20, p > 0.05). Pink dots indicate dyslaminate arrays, whereas gray

dots indicate eulaminate arrays.

(B) Electrode projections at different levels of structural disorder, with their associated € values shown below each example. The proportions of aperiodic
exponent values above and below 0.6 (Sensitivity: 0.71, Specificity: 0.53, and 95% CI for Accuracy: [0.612, 0.691]) are highlighted in orange and blue,
respectively. Values below 0.6 are suggested as reflecting increased excitation (E > /), while values above 0.6 reflect increased inhibition (/ > E). The specific
spatial arrangement of the aperiodic exponent values for each example is displayed in the lower panel.

(C) Distribution of aperiodic exponent values across groups during consecutive phases of network activity: perturbation (Mg2*-Free) and recovery.

three layers: upper (A), middle (B), and lower (C) (Figure 7C). Us-
ing the same procedure applied for transfer flow, we extracted all
possible directional connections between these layers. Analysis
of the directionality asymmetry®” allowed us to identify the domi-
nant directions of information transfer between each partition.
However, due to high variability in the results, the correlation re-
mained low (p = 0.24, p = 0.25). Nevertheless, the eulaminate
cortex exhibited consistent directional dominance in certain
pathways, such as A - C, B —» C, and C — A, a stability that
may reflect its normal functional organization.

We next asked which component of the signal carries the high-
est amount of information. Following the approach of Kayser,
C.,%® where they found that information amounts are distributed
differently in the distinct components of an LFP signal, we
analyzed the mean weighted spectrogram across the three ac-
tivity paradigms (baseline/spontaneous activity, Mg?*-Free and
Recovery) and evaluated the information content of three signal
components: phase, energy, and instantaneous frequency
(Figure 7B, lower panel). These values reflect the average trend
across all MEAs within the common LFP bandwidth, without dis-
tinguishing between levels of delamination, as the observed vari-
ability was insufficient for clear separation. Our results show that

6 iScience 29, 115942, June 19, 2026

phase carries the highest amount of information across condi-
tions, while instantaneous frequency contributes the least.
Furthermore, phase and energy follow similar trends over time.
In Eulaminate cortices, both components begin with high infor-
mation values during baseline activity but decrease during
Mg?*-Free perturbation and do not return to baseline levels dur-
ing recovery. In contrast, Dyslaminated cortices also begin with
high values, but their information content remains more stable
over time. Additionally, the trends of phase and energy appear
to evolve similarly over time in both conditions; on one hand, Eu-
laminated phases and energy begin with high information values,
but as perturbation continues, they decrease and never return to
their original levels, even during the recovery state. On the other
hand, the Dyslaminated values also initiate at high information
levels, but their trend shows minimal change over time. However,
instant frequency shows the least informative values in both sit-
uations. Additionally, the pattern seen suggests that the Dysla-
minated cortices seem to enhance their information content as
time goes on and are likely to show higher values compared to
the Eulaminated, during spontaneous activity and in the absence
of Mg?*, but again appear similar in the recovery phase, as with
the other two components.
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Figure 6. Common frequency band (0.5-30 Hz) selection from Dyslaminated cortices. Electrode frequency co-variation
(A) Spectrograms adjusted to highlight the first two modes during basal activity (depicted in green) and in Mg?*-Free (shown in pale rose). Examples from extreme
conditions. See Figure 2.

(legend continued on next page)
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Temporal evolution of signal components

To better understand the temporal evolution of these compo-
nents, we focused on the most informative component, the
phase, and the least informative, the instantaneous frequency.
Using mutual information computed between electrodes
across the full shared LFP bandwidth and a sliding window
approach, we quantified the dissimilarity between each
instantaneous state and its subsequent state within each win-
dow (see Methods 10). Dimensionality reduction was then
applied to these temporal dissimilarity matrices to track the
evolution of each component across different activity para-
digms (Figure 7D). The left panel presents a representative
example from the extremes of the e distribution. Each point
corresponds to a time window, with color indicating temporal
progression (red = early, blue = late). The ellipses represent
the low-dimensional projections of the dynamics: red for fre-
quency and blue for phase. For each multidimensional scaling
(MDS) projection, an ellipse was fitted to quantify the spread
of dynamics; larger ellipses indicate greater variability and a
higher capacity to transform the underlying interaction dy-
namics. In the right panel, boxplots beneath these projections
reveal that frequency dynamics were more temporally con-
strained, with slightly higher mean values observed in eulami-
nate cortices than in dyslaminated ones, except during the re-
covery phase. This observation aligns with the reduced
information content shown in Figure 7B, supporting the inter-
pretation that lower information corresponds to a diminished
capacity for dynamic change. In contrast, phase dynamics ex-
hibited greater variability in dyslaminated cortices across all
activity paradigms, whereas eulaminate cortices showed
increased variability only during the Mg®*-Free condition.
This highlights a key role for phase in modulating neural inter-
actions under perturbed conditions. As with frequency, the
average ellipse sizes for phase were generally larger in eulami-
nate cortices, except during recovery, where dyslaminated
cortices showed increased variability that corresponded to
elevated phase information content (Figure 7B). These find-
ings offer valuable insights for future analytical decomposi-
tions and are consistent with previous studies emphasizing
the importance of phase locking across frequency bands.'%*?
Building upon the prior decomposition analysis, we re-exam-
ined the information transfer depicted in Figure 7A, this time
focusing on distinct phases of activity while maintaining a
consistent bandwidth. Figure 7E illustrates the same extreme
cases from Figure 7A, now under Mg?*-Free conditions (left)
and during the recovery phase (right). In dyslaminated
cortices, average information transfer shows a slight increase;
notably, during the first 15 min of Mg®*-Free exposure, the
transfer flux remains aligned with baseline levels. However,
this trend reverses over the subsequent 30 min. In contrast,
eulaminate cortical activity displays a progressive decline in
information transfer relative to spontaneous activity, with an

iScience

early disruption of hierarchical organization evident from the
onset of Mg?*-Free exposure. During recovery, the dyslami-
nated cortex rapidly re-establishes its original transfer pattern
within the first 15 min, whereas the eulaminate cortex requires
30 min to partially restore hierarchical flow and fails to fully
recover it. Collectively, these findings suggest that a certain
degree of structural disorganization differentially recovers af-
ter activity perturbations. This disorganization appears to
affect not only the excitatory-inhibitory balance but also the
overall efficiency and stability of information transmission
within the network. These insights may have broader implica-
tions for understanding how cortical circuits respond to and
recover from functional disruptions, and how structural vari-
ability modulates their adaptive capacity.

DISCUSSION

Surgical resection remains the primary treatment for cortical
dysplasia, which is strongly associated with pharmacoresistant
epilepsy, particularly in pediatric populations.’? However, the
functional variability inherent to cortical dysplasia often com-
promises the accurate delineation of the epileptogenic zone,
underscoring the critical need to characterize the signal fea-
tures that define and distinguish pathological cortical terri-
tories.®* This clinical challenge motivated our investigation of
the carmustine model across early stages of neurodevelop-
ment''. Although this model produces embryonic-onset,
regionally diffuse, and heterogeneous malformations.’ This
approach aligns with a central goal of translational neurosci-
ence: improving the detection of pathological network states
under resting-state conditions, with direct implications for pre-
surgical planning. To deepen this analysis, we decomposed
LFP spectrograms, recognizing that specific spectral compo-
nents may reflect underlying cognitive and pathological states.
In line with EEG based approaches®>°*® this analysis revealed
functional signatures potentially tied to local cytoarchitecture.
Notably, we observed patterns consistent with previously
described neuron-type-specific signal features.®>” By mapping
activity classifications using our proposed metric €, we charac-
terized spatial heterogeneity in functional groups, distinguish-
ing disorganized (Dyslaminated) from more structured
(Eulaminated) cortical regions. We further explored the aperi-
odic exponent of LFP signals to assess its relationship with
these functional classifications. Interestingly, a bimodal distri-
bution emerged, with higher divergence in Dyslaminated re-
gions and greater uniformity in Eulaminated areas. This dual
pattern may reflect distinct (E/I) regimes, as previously had
been suggested,*®*° echoing previous findings from both
cognitive and epileptic contexts.” 232440 Under Mg?*-Free
perturbation, this distinction faded, suggesting that strong ionic
shifts may transiently override intrinsic network heterogeneity.
After recovery, the absence of the bimodal pattern implies a

(B) The power spectrum weighted according to the first two modes averaged across all samples (eulaminated = 4; dyslaminated = 5). Panel right indicates the
frequency range where power was most prominent. The dark line represents the mean log spectrum, while the shaded region shows the variance across spectra.
(C) Variance distributions captured in both conditions (baseline and in Mg?*-Free). Light pink corresponds to dyslaminated cortices and light gray to eulaminated.
(D) Examples of baseline and Mg?*-Free activity after filtering by the common frequency band, shown across three MEA depths (lower, middle, upper). Examples
in panels C and D correspond to the extreme conditions. See further details in Figure S4.
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A Hierarchical and No hierarchical baseline flux between clusters and its association with the level of layer disarray. B Common band variation along the evolution of the activity and mean values
of phase and frequency MI matrix at the different time points.
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Figure 7. Global dynamical evolution of the common frequency band and its relationship with information flow across electrode categories
(A) Baseline information flux for extreme dyslaminated and eulaminated samples, alongside two intermediate cases (e = 0.26 and € = 0.75, respectively). Each
scheme illustrates the presence or absence of hierarchy in information flow (left: no hierarchy; right: hierarchy). Bottom plots show the mean information carried
across directions; points represent the mean, and error bars denote the 95% confidence interval estimated by bootstrapping.

(B) Average spectrogram within the shared frequency band defined in Figure 3, representing total activity captured across conditions (Baseline in light green,
Mg?*-Free in pale pink, Recovery in pale violet). Bottom: mean information (in bits) over time for each signal component within the common band —phase, energy,
and instantaneous frequency.

(C) Relationship between ¢ values and electrode depth in information flow. The left panel shows the MEA array with electrodes partitioned into upper (red—A),
middle (green—B), and lower (blue—C) layers. The right panel depicts a schematic of cortical laminar index (DAI) dominance for each sample, ranging from
dyslaminated to eulaminated cortex. The ordering of € values corresponds to Figure S3. No statistically significant relationship was observed (p > 0.05).

(D) Multidimensional scaling (MDS) analysis of dissimilarity in mutual information matrices for each activity condition, with ellipses fitted around each point to
represent the spread of dynamics in low-dimensional space (right: temporal evolution of frequency; left: temporal evolution of phase). Bottom: ellipse area values
across all recordings and activity conditions.

(E) Information flux during the Mg?*-Free and Recovery phases for the same extreme dyslaminated and eulaminated samples shown in panel A. Points and error
bars follow the same convention as panel A. Statistical comparisons between additional samples are shown in Figure S5.

homogenization of network activity, masking the functional dis- diseased states could be assessed using this approach.
tinctions evident during spontaneous states, distinctions likely This methodology may be adapted to study functional
rooted in cytoarchitectural organization. inhomogeneities across various experimental paradigms,
These observations, together with the differences in inferred  including healthy brain states and different neurological
baseline information transmission between electrode cate- conditions, potentially providing a simplified method for pre-
gories, point to a possible alteration of the E/I balance at surgical evaluation.
baseline.*’ Furthermore, the extent of cortical delamination
may play a role in shaping signal propagation, especially when Limitations of the study
the network is challenged by external perturbations such as This study presents several limitations inherent to the use of an
Mg?*-Free medium. ex vivo model of cortical malformation. A primary constraint is
In response to external perturbations, our analysis revealed the inability to directly validate the functional findings with the
that the most informative features for electrode cate- histological analysis of the exact recorded regions. This is due
gorization, signal aperiodicity, and inter-category transfer to the use of multielectrode array (MEA) recordings in 400 ym-
entropy consistently emerged from spontaneous activity. thick cortical slices, which often sustain substantial structural
This highlights the importance of intrinsic dynamics in damage after prolonged recording sessions, rendering subse-
uncovering structural-functional relationships and supports quent histological processing unfeasible. Nevertheless, our his-
the broader applicability of our methodology. Thus, we tological validation was performed using tissue from animals in
propose that the key signal features in both healthy and the same cohort. Thus, all links between € and cytoarchitectural
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disorder should be interpreted as hypothesis-driven and popula-
tion-level rather than slice-specific. However, it should be noted
that the carmustine model is well characterized at the cytological
level, and the morphological features observed in our slices
were consistent with those extensively described in the litera-
ture, including disrupted cortical layering, heterotopic neurons,
and altered cellular organization that closely mirror the cytoarch-
itectural hallmarks of FCD. While the model effectively replicates
these key structural features, it does not fully capture the
complexity and heterogeneity observed in human cases. There-
fore, future studies applying similar analytical frameworks to
human tissue, particularly samples obtained from epilepsy sur-
geries, will be essential for strengthening translational relevance
and assessing the generalization of the present findings.
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KEY RESOURCES TABLE

REAGENT or RESOURCE SOURCE IDENTIFIER
Experimental models: Organisms/strains

Domestic Norwegian rat Rattus norvegicus (Sprague-Dawley) Wild NA

Chemicals and antibodies

Carmustine Sigma-Aldrich C0400

Anti-NeuN Abcam ab104224

Alexa 488 Invitrogen RRID:AB_10711040

Data availability

Rat MEA recordings This paper zenodo.org/records/15592455
Software and algorithms

MC Rack software Multi Channel Systems (MCS GmbH) McsPyDataTools

Python 3.10 Python Software Foundation python.org
CorticalDelam-MEA This paper zenodo.org/records/15592455

EXPERIMENTAL MODEL AND STUDY PARTICIPANT DETAILS

Animals

Protocols followed in this study were approved by the ethics committee of the Institute of Neurobiology, UNAM (Protocol 111-A) and
carried out in accordance with federal regulatory laws for animal experimentation (NOM-062-Z0O0-1999). Pregnant Sprague-Dawley
rats were intraperitoneally injected with BCNU following as previously reported methods,'"'® with 20 mg/kg diluted in 5% sucrose)
on gestational day E15, for the Dyslaminated group, n = 3. For the Eulaminated group, n = 2 dams were injected with saline solution, at
the same gestational day. All animals were kept in a room with a 12-h light/dark cycle and had unlimited access to food and water. For
the Eulaminated group, five offspring from the dams were used for electrical recording n = 5 and three for histological analysis n = 3.
For the Dyslaminated group n = 7 animals were employed for electrophysiology and n = 5 for histological validation.

METHOD DETAILS

Slice preparation

To conduct Multielectrode Array (MEA) recordings, we obtained 400 um-thick coronal slices of the primary motor cortex
(M1;bregma +0.20 mm) from male rats. Rats were anesthetized with pentobarbital (60 mg/kg) and transcardially perfused with a
cold sucrose-based artificial cerebrospinal fluid (aCSF) containing the following (in mM): 3 KCI, 2.5 MgCl,, 25 NaHCO3, 238 sucrose,
and 30 D-glucose, as also employed previously.*>**® The solution was maintained at pH 7.4 with constant carbogen bubbling. The
brain was then removed and placed in an ice-cold carbogenated solution (95% 0./5% CO,). Coronal slices were cut using a vibra-
tome (HM-650-V, Thermo Fisher, or VT1000S, Leica) and transferred to a slice recovery and maintenance solution (in mM): 119 NaCl,
3 KCl, 1.5 CaCl,, 1 MgCl,, 25 NaHCO3, and 30 D-glucose. This solution was maintained at pH 7.4, oxygenated, and incubated
at 34 °C for at least 90 min before use. Each recording was performed using slices from a different animal. Mg?*-Free solution compo-
sition was the following (in mM): 120 NaCl, 5 KCl, 1.5 CaCl,, 26 NaHCO3, and 30 D-glucose.

Electrophysiological recordings

Recordings were obtained using a 60-electrode MEA (8 x 8 grid, 60pMEA200/30iR-Ti, Multichannel Systems), perfused from above
and below with circulating aCSF at 34°C, bubbled with carbogen. Electrodes targeted the primary motor cortex, verified via bregma
distance and stereotaxic microscope. Negative pressure was applied to ensure adhesion of the slice. Recordings were acquired at
25 kHz for 15 min. Baseline activity was recorded, followed by Mg?*-Free aCSF recordings (3 samples of 15 min), and then recovery
activity, with normal aCSF (2 samples of 15 min).

Immunofluorescence

Consecutive coronal brain slices obtained from animals used in this study were collected and processed to evaluate neuronal
morphology in both experimental groups: Eulaminated (n = 1) and Dyslaminated (n = 3). Brain slices were placed in a cryoprotective
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solution and subsequently embedded in a cryomatrix. Tissues were rapidly frozen using absolute ethanol cooled with liquid nitrogen
and stored at —20 °C until sectioning.

Coronal sections of 20 um thickness were cut using a cryostat. Sections were preserved in 1x PBS (w/v) and then washed five
times for 10 min each in 1x PBS containing 0.3% (w/v) Tween 20 (Sigma-Aldrich). Blocking was performed for 45 min at room tem-
perature using a blocking solution composed of 1x PBS, 0.3% (v/v) Triton X-100, and 2% (w/v) bovine serum albumin (BSA).

Following blocking, sections were incubated overnight at 4 °C with the primary antibody NeuN (ab104224) diluted 1:350 in blocking
solution. After washing, sections were incubated with fluorescently conjugated secondary Alexa 488 (Invitrogen a32723), a goat anti-
mouse antibody, diluted 1:500 in blocking solution for 4 h at 4 °C. Sections were then coverslipped with microscope cover glass.

Immunofluorescence imaging was performed using a laser scanning confocal microscope (Zeiss LSM 780 DUO).

Preprocessing of electrophysiological data

Raw MEA recordings were decompressed and extracted from MC Rack software using McsPyDataTools We then applied a
low-pass filter using a 5th-order Butterworth filter with a cutoff frequency of 100 Hz. Electrode traces were downsampled to
1 kHz. Power-line noise was eliminated using a notch filter with a quality factor of 90. We then reorganized the index of each electrode
to recreate the original architecture of the 60-electrode MEA (8 x 8 grid), and kept the reference electrode off for all further analyses.
Quality control was performed by comparison of the logarithmic power spectrum and revisited during dimensionality reduction of the
LFP. Sample sizes after quality control were: Eulaminated n = 3; Dyslaminated n = 5

LFP spectrograms

Spectrograms were computed using 1-s sliding windows with 75% overlap. Power spectra over 0.5-100 Hz were computed using
6 tapers and multi-taper decomposition. The number of frequency points was reduced to 60, and power was normalized using base-
line mean power.

Dimensionality reduction and electrode clustering

To characterize how the spectrogram varies along electrodes for different frequencies f as a function of time t, we performed PCA on
the spectrograms computed as described above. The number of significant dimensions spans up to 60 bins (0.5-100 Hz). PCA was
performed from the covariance matrix of every electrode spectrogram over the time windows t and frequencies f as follows:

1 I F

Cj= 5 ; ,Z: specis(t) — Spec;) (specis(t) — Spec;) (Equation 1)
where T is the number of time windows, F is the number of frequency bins, spec; At) is the spectrogram of electrode i at time window
t and frequency f, and Spec; is the mean spectrogram of electrode i.

Level of disarrangement metric (c)
We selected the principal components carrying the largest fraction of variance and projected them back into the original electrode
space. Unsupervised clustering was then performed using mean-shift clustering from the Scikit-learn Python library,** with an esti-
mated bandwidth function (quantile = 0.45, n_samples = 80).

To quantify the level of disarray in each MEA array, we used the projection of the electrode clustering result and calculated the
sparseness of clusters across the array:

L
Z Neyuster,i (Equation 2)

- nelectrode i

where C is the total number of clusters found, L is the number of lines in the array (L = 8), Ncuster,i is the number of clusters cohabiting
on line i, and Nejectrode, iS the total number of electrodes on line i (ranging from 6 to 8 depending on array geometry). Differences in
€ between groups were assessed using the Mann-Whitney U test.

Common band determination

Inspired by the methodology of Zhang W. et al.,?° we aimed to identify a common oscillatory band across the computed spectro-
grams using basal activity, and to verify whether that oscillation persisted during Mg®*-Free and recovery conditions. For this pur-
pose, PCA was performed from the covariance matrix of each time window over all electrodes e and frequencies f:

E F
E Z Z Species — Spec;) (Specjer — Spec)) (Equation 3)

where F is the total number of frequencies, E is the number of electrodes, Spec; . ¢ is the spectrogram at time window i/, electrode e,
and frequency f, and Spegc; is the mean spectrogram at time window i.
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We projected the first 4 principal components to evaluate the variance carried within each (see Supplementary 4). By computing
the mean over extreme examples (Dyslaminated, Eulaminated) in baseline activity, we identified the frequency range where the first
component varies most, and then evaluated how that range persisted across other recordings and conditions.

Aperiodic exponent fitting and bimodality
Following the literature,® we evaluate the aperiodic exponent in every electrode at baseline activity, Mg?*Free and recovery by fitting
the Lorentzian function:

L=b — logk + F¥)

Where b is the broadband offset, x is the exponent and k the knee parameter, that according to Donoghue, T.% and Miller, K.*° and
also applied by Gao, R.,*® allows a control of the bend in the aperiodic component. F corresponds to the frequency vector in input
frequencies. Knowing that when k = 0 the Lorentzian fits a line in log-log space.

To perform the tendency of the power log, we applied a Gaussian filter using Scipy“® with a ¢ = 5 and also measured the variance
respecting the logarithmic scale to approach the level of variation of spectrograms along all our electrodes shown in Figures 1 and 2.

Transfer entropy along electrode clusters

We computed transfer entropy during baseline, Mg?*-Free, and recovery conditions from the common LFP band identified for each
cluster, where X; denotes the LFP from cluster n and Y; from cluster m. We used a finite set of lags L = {z4, o, ..., 7} (200 lags, range
[-100, 100]). For each lag, the lagged versions of the time series are defined as:

Xi(7) = Xtso, Yi(7) = Yiie (Equation 4)

We then computed the mutual information (MI) between X;(z) and Y;:
Mixy (z) = I(Xe(7); Y2),  Mlyx(7) = I(Yi(2); Xe) (Equation 5)

where | denotes Shannon mutual information and H Shannon entropy:
I(A; B) = H(A) + H(B) — H(A,B) (Equation 6)

with A and B representing different cluster sets. To compute directionality, we identified the lag that maximizes mutual information:
XY = argmax, Mlyy(7) (Equation 7)

The same logic was applied in the reverse direction YX. When more than two electrode clusters were found, all possible pairwise
combinations were used to evaluate all directional interactions.

Electrode depth segmentation of the MEA
To investigate the relationship between electrode depth and information transfer, we reconstructed the spatial arrangement of the
MEA. The array pattern was defined according to the experimental layout, with electrodes positioned in a hexagonal grid. For
each electrode, x and y coordinates were computed based on grid spacing, and the vertical (y) coordinate was used to estimate rela-
tive cortical depth. Depth values were normalized to the interval [0, 1], where O corresponds to the deepest electrodes and 1 to the
most superficial.

Following normalization, electrodes were sorted by depth and divided into three layers (upper, middle, lower), each containing
approximately one-third of the electrodes, yielding three partitions (A, B and C) used for subsequent analyses of directional informa-
tion transfer.

Multi-set directionality computation
The directionality analysis was extended to multiple signal sets by evaluating all pairwise interactions. Each pair of sets was analyzed
independently following the same time-lagged MI and permutation-testing procedure described in Section 10.7.

Directionality asymmetry index
To summarize net directional influence between two signal sets, the Directionality Asymmetry Index (DAI) was computed as:

TEx.y — TEy_x

A = T T Ty

(Equation 8)

where TEx_y and TEy_x denote the total information transfer in each direction. The DAI ranges from —1 to 1, indicating dominant
directional influence or balanced bidirectional interactions.
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MI of LFP components (magnitude, phase, and instantaneous frequency) during time evolution

Following the assumption the information carried in an LFP signal is distributed differently as Kayser et al.** has described.
We decompose our LFP in the common band evaluated (0.5-30 Hz) using a discrete Hilbert Transform,“® to obtain the phase, enve-
lope (energy) and instantaneous frequency of every electrode. Ml between every pair of electrodes was then computed using a sliding
window of 15 s with 75% overlap:

IX; Y) = HX) + H(Y) — H(X,Y) (Equation 9)

where X and Y represent the signals of two different electrodes across the MEA. For each electrode, the maximum Ml value across all
pairwise interactions was retained, and this was computed for every condition: Baseline, Mg?*-Free (3 samples), and Recovery (2
samples). This metric does not inform directionality or causation; it was used here as a measure of the total information carried under
each condition.

Pairwise dissimilarity evaluation and multidimensional scaling

We computed temporal dissimilarity matrices I/, previously obtained from MI temporal sliding windows of every LFP component,
where each entry D"ab quantifies the Euclidean distance between the a-th entity at time j and the b-th entity at timej + 1, decomposing
the system’s temporal evolution into interpretable pairwise dissimilarities:

Z (Xé.k - Xltlafk1>2

d
(Equation 10)
!

E

where k represents‘the feature/dimension index in each sample vector, witha=1, ..., mand b =1, ..., n. MDS was then applied to the
reduced vectors D’ab to assess how activity differed from baseline across Mg?*-Free and recovery conditions.

QUANTIFICATION AND STATISTICAL ANALYSIS

All statistical analyses were performed in Python using SciPy*® and Scikit-learn,** unless otherwise stated. A significance threshold of
a = 0.05 was applied throughout.

Quality control

Signal quality was verified at two stages. First, the logarithmic power spectrum of each electrode was inspected visually and
compared across recordings. Second, electrode traces deviating beyond +2 standard deviations in the principal components
identified during dimensionality reduction (Section 4.5.3) were flagged and excluded from further analysis. Sample sizes after quality
control: Eulaminated n = 3; Dyslaminated n = 5.

Aperiodic exponent thresholding and bimodality

To identify a data-driven boundary separating the two groups, kernel density estimation (KDE) was applied independently to each
distribution using a Gaussian kernel. The summed density function was inspected for local minima, and the intersection of the
two KDEs was computed as the point where the signed difference between densities changed sign. Both approaches converged
on a threshold of 0.6, consistent with the visual valley observed in the KDE plot.

Classification performance at this threshold was quantified using sensitivity (true positive rate for Dyslaminated), specificity (true
negative rate for Eulaminated), overall accuracy, and balanced accuracy (reported to account for group size imbalance).

To assess whether classification accuracy was disproportionately influenced by individual observations, a leave-one-out (LOO)
analysis was performed for each group: at each iteration, a single observation was removed and all metrics were recomputed.
The standard deviation of accuracy, sensitivity, and specificity across LOO iterations served as an index of sample susceptibility.

Bootstrap resampling (n = 1, 000 iterations, with replacement) was used to derive 95% confidence intervals around the accuracy
estimate. The degree of bimodality was quantified using the bimodal coefficient statistic.*” A simple ordinary least-squares (OLS)
linear regression was then fitted between the bimodality coefficient and € at baseline to characterize the relationship between
spectral heterogeneity and spatial disarrangement.

Multidimensional scaling and condition comparison

Temporal dissimilarity matrices were subjected to classical (metric) MDS to obtain low-dimensional embeddings of electrode-activity
trajectories across conditions (Baseline, Mg®*-Free, Recovery). The first two MDS dimensions were retained, and a 95% confidence
ellipse was fitted to each condition’s point cloud to characterize trajectory dispersion. Differences in spread between conditions and
LFP components (magnitude, phase, instantaneous frequency) were evaluated using an independent-samples Student’s t test
applied to the ellipse semi-axis lengths.
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Group comparison of the disarrangement metric (¢)

Differences in € between Eulaminated (n = 3) and Dyslaminated (n = 5) preparations were assessed using the two-sample Mann-
Whitney U test, a non-parametric rank-based test chosen because of the small and unequal group sizes and the absence of normality
assumptions.

Permutation test for correlation between ¢ and the directionality asymmetry index

To assess whether the DAI was significantly associated with €, we employed a non-parametric permutation test. The observed Pear-
son correlation coefficient r between the two variables was first computed. A null distribution was generated by randomly permuting
the DAl values 10,000 times while keeping ¢ fixed, and recomputing r for each permutation. The p-value was defined as:

N
p:%21(|r;| > |ros|), N =10,000 (Equation 11)
k=1

The observed correlation was r = 0.25(p = 0.23), indicating no statistically significant association between the two measures under
the conditions studied.

Permutation-based significance testing of mutual information

To determine whether the observed MI at a given lag exceeded chance levels, a permutation null distribution was constructed
independently for each lag 7. Specifically, N = 1, 000 surrogate time series Yt(’” were generated by randomly shuffling the original
Y; (and equivalently X; for the reverse direction). Ml was recomputed for each surrogate, yielding a null distribution. Only lag values
for which the observed Ml exceeded the 95th percentile of the null distribution (p < 0.05, one-tailed) were retained for subsequent
directionality analyses.

Comparison of directional information flow

For each combination of cluster pair, experimental group, and activity condition, the distribution of mean Ml values in the forward
direction was compared with that in the reverse direction using a two-sided Mann-Whitney U test. This non-parametric test
was selected because (i) normality of mean MI distributions could not be assumed given our sample sizes, and (i) the number of
electrodes per direction within each stratum was unequal.

Multiple comparison correction

Statistical tests were performed across all combinations of cluster pairs, experimental groups, and activity conditions, yielding K =18
simultaneous comparisons. p-values were adjusted using the Bonferroni procedure. Statistical significance was declared at o = 0.05
after correction, with the annotation scheme: p < 0.05 (*), p < 0.01 (**), p < 0.001 (***), and p > 0.05 (ns).

Effect size

To quantify the magnitude of directional asymmetry independently of sample size, the rank-biserial correlation coefficient r was
computed as an effect size measure for the Mann-Whitney test:

r=1- — (Equation 12)

Effect sizes were interpreted as: |r| < 0.3 (small), 0.3 < |r| < 0.5 (medium), and |r] > 0.5 (large). Positive values of r indicate higher
mean Ml in the forward direction; negative values indicate dominance of the reverse direction.
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